There are several approaches to understand how a landscape, with its several components, affects the 27 genetic population structure by imposing resistance to gene flow. Here we propose the creation of 28 resistance surfaces using a Pattern-Oriented Modeling approach to explain genetic differentiation, 29 estimated by pairwise FST, among "Baruzeiro" populations (Dipteryx alata), a tree species widely 30 distributed in Brazilian Cerrado. To establish the resistance surface, we used land use layers from the area 31 in which the 25 "Baruzeiro" populations were sampled, generating 10000 resistance surfaces. To establish 32 the resistance surface, we used land use layers from the area in which the 25 "Baru" populations were 33 sampled, generating 10000 resistance surfaces. We randomized the cost values for each landscape 34 component between 0 and 100. We use these surfaces to calculate pairwise matrices of the effective 35 resistance among populations. Mantel test revealed a correlation of pairwise FST with a geographical 36 distance equal to r = 0.48 (P < 0.001), whereas the Mantel correlations between pairwise FST and the 37 generated resistance matrices ranged between r = -0.2019 and r= 0.6736. Partial regression on distance 38 matrices was used to select the resistance matrix that provided the highest correlation with pairwise FST, 39 based on the AIC criterion. The selected models suggest that the areas with lower resistance are 40 characterized as natural savanna habitats of different forms, mainly arboreal dense savannas. In contrast, 41 roads, big rivers, and agricultural lands cause higher resistance to gene flow.
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, work by J.A.F.D.-F. is supported by CNPq Introduction different levels of biological organization and spatial scales, including those driving the population 66 genetic structure (Manel et al. 2003; Koffi et al. 2007) . For example, a strong genetic structure (i.e., high 67 differentiation among demes or local populations) appears when habitat loss decreased connectivity and, 68 therefore, the dispersal capacity, dividing populations and disrupting gene flow (King and With 2002, 69 Amos et al., 2012; Braga et al. 2019) . This decrease in gene flow results in loss of genetic variation and 70 inbreeding depression, most likely increase the probability of local extinctions (Storfer 1999) , changing 71 aspects of species' life history (Kramer et al. 2008 ) and eventually reducing its evolutionary potential 72 (Frankham et al. 2004) . The analysis of all these processes is the primary goal of a field that quickly 73 developed and advanced in the last 15 years called "Landscape Genetics" (Manel et al. 2003; Holderegger 74 and Wagner 2006; Storfer et al. 2007; Manel and Holderegger 2013) . Landscape genetics seeks to 75 evaluate the interaction between landscape features and microevolutionary processes such as gene flow, 76 selection, and genetic drift, integrating, thus geographical, ecological, and genetic information (Manel et 77 al. 2003; Storfer et al. 2007 ).
78
In landscape genetics, it is possible to check and interpret the effective distance between 79 individuals or populations, taking into account landscape properties that wild better reflect gene flow 80 (Mateo-Sánches et al. 2015) . This relation can be calculated through the "Isolation by Environment" 81 (IBE) models, which describes a pattern in which genetic differentiation increases with environmental 82 differences, independent of geographical distances (Sexton et al. 2014 , Jenkins et al. 2010 , Wang and 83 Bradburd 2014 . Another way to check the effective distance in landscape genetics is by Isolation by 84 Resistance -IBR (McRae 2006) , where the distance calculation incorporates the degree of "permeability" 85 of the different landscape components (e.g., forests, croplands, roads) to the dispersion of individuals 86 throughout the landscape. Therefore, this permeability is related to how the landscape affects the 87 movement of organisms between the areas with resources, in terms of biological, physiological, and 88 behavioral characteristics, thus controlling the natural flows of species (Metzger and Ddcamps 1997;  89 Tischendorf and Fahrig 2000) . IBE and IBR researchers tend to concentrate on describing patterns, 90 without necessarily investigating the mechanisms that have generated these patterns (Wang and Bradburd 91 2014). However, all these models are generalized versions of the much older (and simpler) Isolation-by-92 Distance (IBD) proposed by Sewall Wright in the early 1940's, in which it is possible to predict an exponential decrease of genetic distance as geographic distances increase, by a balance between dispersal 94 and local genetic drift (see Wright 1943) . So, both IBR and IBE can be viewed as more complex cases of 95 IBD in terms of dispersal routes and changes in a balance due to landscape features.
96
Resistance surfaces have been used to understand how landscape components influence the 97 connectivity among species populations. (Spear et al. 2010; Koen et al. 2012 ). These surfaces are 98 representations of the degree of connectivity that is attributed to the original landscape components (i.e., 99 considering the organisms of interest) that are used to model their movement through the landscape 100 (Spear et al. 2010; Taylor et al.,1993; Coulon et al., 2004; Vignieri, 2005) . A crucial step in the 101 development of these surfaces is to attribute values, or costs, to each of the landscape components. Such 102 parameterization will determine how users will be this resistance to model species movement throughout 103 the landscape (Spear et al. 2010; Koen et al. 2012 ). However, this attribution of costs is, in many cases, 104 subjective and is not based on strict knowledge of species' traits.
105
To describe the resistance that the landscape imposes to the gene flow between populations and 106 to reveal information on the processes behind the population's genetic structure observed patterns, it is 107 possible to use a Pattern-Oriented Modeling technique (Grimm 1994; Grimm et al. 1996; Grimm et al. 108 2005; Diniz-Filho et al. 2014) . The POM provides a conceptual framework to assess the applicability of 109 models by comparing the patterns generated by the model to observed patterns (Kang e Aldstadt, 2018).
110
One can use computational procedures to create a conceptual framework and find the set of parameters 111 that generates the best models replicating an empirical pattern. The creation of this models resulted in the 112 improvement of the quality of the model and the overall understanding of the system (Kang e Aldstadt, 113 2018; Diniz-Filho et al. 2014) , which allows a biological and ecological interpretation of this best set of 114 parameter values (Wiegand et al. 2003 ).
115
The system we are interested in refers to the landscape influence in the genetic structure of 116 Dipteryx alata populations in Central Brazil. Assuming that genetic diversity has a positive relationship 117 with the resistance landscape (McRae 2006), we used here genetic diversity to attribute the values of 118 resistance of the different landscape components to build resistance surfaces that better explain the 119 genetic structure pattern among populations. The main goal is to understand which landscape features (or 120 combination of them) better define the genetic divergence between populations. This statistical definition 121 minimizes the arbitrariness in the parameterization of these surfaces, so we used the POM approach in the search for matches between simulated and observed patterns (Diniz-Filho et al. 2014) . Several lines of 123 evidence suggest that anthropogenic features affect the connectivity and the gene flow in natural 124 landscapes (Pérez-Espona 2008 , Ayran et al. 2017 Okamiya and Kusano 2019) . Thus, we expect that 125 anthropogenic features will be selected for the POM and present a high resistance for the gene flow. We Table 2 for a description) and calculated the percentage of each class in the landscape. All this 150 information (landscape components) was gathered into a single layer and used to calculate the resistance surfaces. For our analysis, when a cell has two or more classes, the class with higher occurrence was 152 selected to describe the cell, using ArcGIS 9.3 software (ESRI, 2011). 
174
We started the modeling with a "null" model, where all cells on the resistance surface were 175 zero, equivalent to considering only the Euclidean distance between pairwise populations. Next, we 176 created more complex landscape surfaces incorporating heterogeneity, with randomized values of 177 resistance in each of its components and comparing them with the null model. In a third cycle, we 178 systematically removed the complexity of the surfaces in the selected models. We evaluated the importance of each class and its resistance in the model and validation. Our work emphasizes the second 180 step of the POM, the estimation of parameters in the creation of resistance surfaces. Our most significant 181 interest is to quantify the resistance imposed by each landscape component to the dispersion and, 182 consequently, to the genetic diversity and gene flow between populations. 
232
Mantel between landscape resistance and genetic divergence suggest a major adjustment of resistance 233 models, about r = 0.67, much larger than a pure geographical model, with r = 0.48 (Table 1) . All Mantel 234 tests were significant at P <0.001, with 999 permutations. The relative Wi suggests that there is about a generated. The second and third models selected have a reduced chance of 8% and 6.8%, respectively.
237
In partial mantel, the resistance distance explains approximately 45% of the genetic divergence 238 between populations -RR, more than twice the geographical distance explanation provided -RG (23%) 239 ( 
242
The study area is composed of 16 different classes ( 
280
The patterns found in this study show the benefits of using an additional set of information to 281 create these surfaces and to interpret the genetic differentiation among populations. Even though another 282 study will have been trying to develop ways to measure the resistance surfaces more clearly by using 
307
The genetic divergence between populations of D. alata is better explained by landscape 308 structure than by merely geographic distance. 
315
Regarding landscape components, forest formations did not have a significant influence on the 316 results, mainly due to its small presence in the landscape. The landscape classes that occur in small 317 quantity facility the transposable for "Baru" dispersers, such as birds (macaws) and mammals (monkey, 318 agouti, and livestock), all long-distance dispersers (Ribeiro et al. 2000) . Savanna arboreal dense and 319 savanna grassy woody (grassland) behaved as classes with lower resistance to species, observing that low 320 resistance has a direct association with high percolation for animals that disperse their seeds and pollen, 321 as it is a plant with zoochoric dispersion. We expected low resistance in savanna arboreal dense and 322 savanna grassy woody since this species can be found in this type of environment. The classes that 323 showed higher resistance to "Baru" dispersion were the savanna agricultural area, rivers, lakes, and roads, all of them with values close to 35, suggesting high resistance, but also high percolation since it can vary 325 between 0 and 100 (35 is medium resistance). We expected that these landscape classes to have higher 326 resistance considering that they are disturbed areas. We believe that agricultural areas cause increased 327 resistance, mainly due to its instability plant; the Savanna case, they constitute a very high percentage of 328 areas, 28.11%, of the entire study area, with long stretches. The fact that dispersion is mostly associated 329 with terrestrial animals and large and medium-sized flying animals justify the median interference of 330 landscape on species' gene flow. We expected that species with more restrictive dispersal to have more 331 extreme and high values, which reflects mainly on the ability of "Baru" dispersers to overcome barriers 332 and high resistance areas along the dispersion process. The relative importance of landscape components 333 and their spatial patterns can be the key for identifying their influence in microevolutionary processes 334 driving population divergence. 
